Introduction
Estimation of cultivated areas in small plot agriculture is an important issue for food security purposes in Africa. One way to obtain this information is through classical field surveys and aerial photography, which are both time and resource consuming. Multi-temporal high resolution Synthetic Aperture Radar (SAR) systems, as sources of reliable and overall information [1] , [2] , [3] , [4] , are an alternative solution, satisfying also the demand of continuous monitoring. Namely, for food security purposes, large scale agricultural products are requested at different times throughout the rain-fed crop season. Concerning the cultivated area, typically, a first product is required after the fields preparation; a second one prior to the harvesting time. In this respect, it is worth mentioning that i) the cultivated area product at start of crop season -today not available in food security services -is an excellent indicator to quantify the overall situation of the upcoming rain-fed crop season; ii) SAR systems -on the contrary to optical sensors -are suitable to map these areas due to their sensitivity to the soil roughness, a typical characteristic of the fields at this stage.
Based on these considerations, a three-step approach for estimation of cultivated area in small plot agriculture in Malawi is envisaged and presented in this chapter. The first step of this approach is the estimation of crop extent prior to the crop season. The estimation of the potential area at start of the crop season is the second step, while the third step consists in determining the crop growth extent during the rain-fed crop season. Taking into account that various vegetation types grow during the rainy season, the key issue is to know what is really cultivated and not simply vegetated. The final result is crucial when dealing with food security and agriculture in developing countries, where available land-cover map is either inaccurate, out of date or it does not even exist. Once derived, this global information, which should give a basis for deciding where to perform more detailed analysis, should be relevant for a longer period of time in normal situations, so it should not need to be updated annually.
As shown in [5] , [6] , [7] , [8] , radar-only approaches possess an important operational advantage w.r.t. optical-only or optical-radar approaches, especially in cloud-prone regions, due to their all-weather working ability, high spatial resolution and sensitivity to biomass and moisture. In addition, the penetration depth into crop canopy depends on SAR frequency (the longer the wavelength, the longer the penetration depth) so using multi-frequency data (L-, X-and C-bands) in function of the phenological stages of crops should bring improvements in the estimation of cultivated areas [9] , [10] . Finally, since the growth periods of different crops are not equal, in order to differentiate cultivated areas in small-plot agriculture from other areas with different plants and crops that are out of our interest, multi-temporal data are needed.
The main goal of the work presented here on deriving the potential crop extent prior to the start of the rain-fed season is to provide a first information layer regarding the extent of the bare soil area where crop will potentially grow. Multi-temporal L-band SAR data having resolution in the order of 15 m should be sufficient to extract this type of information. In a next step, where potential cultivated area at start of season should be looked for, a very high resolution sensor is needed. The acquisition coverage of this very high resolution sensor (such as X-band Cosmo-SkyMed with the resolution of 3 m) can be limited thanks to the output of the first step. In the final step, monitoring of the crop growth, multi-temporal ASAR (C-band, 15 m resolution) are used, starting from the period before December (in order to have the reference bare soil) as well as covering the period from December to April (the completion of crop season). Finally, several voting strategies are tested for the combination of the outputs of each of the three sensors.
The key aspect of the proposed approach is the generation of three independent and complementary products -each one with a clear meaning within agriculture and food securityderived from different spaceborne SAR sensors, which in turn are fused, by yielding the cultivated area product. Moreover, it is also intended to demonstrate the usefulness of SAR data for the targeted application. Note that in this context, the meaning of cultivated area is the effective cropped land (i.e., cultivated and not fellow land) during the rain-fed season. Commercial and irrigated fields, typically cultivated during the dry season, are out of our interest.
The chapter is organized as follows. In the following section, we briefly describe the food security situation in Malawi. Then we present the three steps of our method, one by one. For each of them, we describe the data used, the procedure, we show the obtained results and their validation using ground-truth information. After that, we present the final combination by describing our fusion methods, obtained results and their validation. Finally, we derive some conclusions.
Food security situation in Malawi
According to [11] , [12] , [13] , [14] , [15] , Malawi is one of the poorest and least developed countries in Sub-Saharan Africa and a huge challenge facing Malawian agriculture is producing more food for a growing population. Many rain-fed smallholder farmers in the country have been shifting to farming systems that are increasing food crop yields and household food security. Urban poverty is increasing in Malawi as well and a pragmatic solution is seen in urban agriculture (i.e., "food production conducted in or around urban regions" [16] ). Nevertheless, it is important that the amount available to small plot agriculture, especially in urban conditions, is extended with an understanding of local environmental conditions and that a careful assessment of cultivated areas in small plot agriculture is performed. As a result, the real extent of the food insecurity conditions can be estimated in order to facilitate an adequate humanitarian response if necessary and diminish the country's vulnerability to hunger. [17] In Figure 1 , the seasonal calendar for a typical year and critical events timeline in Malawi are shown. This country consists in three agro-ecological zones: 1) high altitude areas (more than 1300 m above sea level, cool temperatures, agricultural areas are rain-fed, with wheat and beans as main crops), 2) low altitude areas (less than 600 m above sea level, irrigated, rice, maize and beans are main crops) and 3) medium altitude areas (600-1300 m above sea level). In this chapter, the region around Lilongwe is analyzed. It belongs to medium altitude areas of Malawi that comprise about 60% of the total cultivated surface of the country. These areas are characterized by moderate temperature and a fairly long rainy season (December to February/March) and their major agriculture practice is maize. The crop calendar for maize in these areas is given in Figure 2 . [18] 3. First step
Multi-year L-band data
The aim of this step is to define the potential cultivable extent of the region prior to the start of the rain-fed season, in order to: 1) provide a first layer of information with the potential crop extent in bare soil conditions, i.e. the bare soil area where crop will potentially grow; 2) limit the acquisition coverage of the very high resolution sensor. The generation of this product is relevant when the available land cover map does not exist, is not updated, is inaccurate or the spatial scale is not appropriate (i.e. small scale), which are typical problems when dealing with food security and agriculture in developing countries.
Multi-temporal L-band SAR data having resolution in the order of 15 m should be sufficient to extract this type of information. Namely, in dry conditions, L-band HH/HV data have a potential of distinguishing between bare soil and other land cover classes (sparse to strong vegetation, forest, settlement, bush, wetlands, water).
Therefore, in order to estimate crop extent, multi-annual ALOS PALSAR-1 [19] acquired during the dry season are chosen, since we are interested in an average bare soil area, and not in small changes. The archive of these data, acquired by the Japanese Space Agency (JAXA), is consistent and can be processed in a multi-temporal way, which enables the speckle reduction and allows the generation of a more accurate map (based on a multi-temporal classifier) than the one obtained using a single date, because not relevant temporal variations are filtered out. Optionally, ENVISAT ASAR AP, Landsat TM-5 or SPOT-4/5 data can be used; however, in general, the latter options are not suitable, since less performing for the targeted product during the selected period. Concerning the failure of ALOS PALSAR-1 system in March 2011, it should be noticed that it does not represent a major problem, because i) the available archived data is sufficient for the generation of this intermediate product; ii) these archived data can be used even in the years to come, since the crop pattern are usually not rapidly changing; and iii) the launch of several L-band sensors is planned in the next 1-2 years (PALSAR-2, SAOCOM-1/2).
Taking into account that the dry season prior to the start of the rainy season in Malawi is from April/May to October (Figure 2 ), the multi-annual PALSAR data that cover that period of the year are selected.
Procedure
As proposed in [20] , preprocessed multi-temporal PALSAR data in HH and HV polarization are the input data for estimating the crop extent. The preprocessing phase consists in: multilooking, orbital correction, co-registration, multi-temporal speckle filtering, terrain geocoding, radiometric calibration and normalization, and anisotropic non-linear diffusion filtering. Such a preprocessing allows us to work at pixel level.
It is possible to classify these preprocessed multi-temporal SAR data using various approaches. Taking into account that our goal is to develop an approach that could be reused in other regions, where we might not have any reliable information about the existing land-cover classes, we opt for an unsupervised classification method. This means that we can either perform classification on each image separately and then combine the classification results or analyze the multi-temporal signatures of pixels or regions and perform classification based on the similarity of signatures. We choose the former in order to cover situations where we have only a few multi-temporal images or where the data are not radiometrically calibrated. The key issue at this step is to determine which pixels change in time (as a potential bare soil) and which pixels remains the same (so they can be used as a mask that covers the regions that are not interesting for further steps of our three-step method). Therefore, to each image of the multi-temporal data set, we need to apply such an unsupervised classification algorithm that preserves the grayscale information so that the classes from one image can be compared with the classes of another image and that the decision whether the class changed or not is meaningful. Based on this, our final choice is an algorithm using the Principal Components Transform (PCT) and median cut [21] . This algorithm looks for the most discriminative information based on which it divides the image into a preset number of classes, taking into account the colour (or grayscale) values.
At this step of the global approach, we have to make sure that none of the pixels that might change in time is excluded from further steps (i.e., masked as stable), while misclassifying stable pixels as changing ones is not critical here and will be further corrected in the two following steps. Due to that, we proceed in the following way. Once all the pixels of each image are classified into n classes, labeled 1, 2, …, n, they are compared and as soon as a pixel changes its label, it is marked as 0, i.e., a potential bare soil. Only if the pixel preserves its class label in all images, that is its final label too.
Taking into account that we have both HH and HV data sets, the above procedure is applied to each of the sets and the two outputs are analyzed using ground-truth information. In a final phase of the first step, these two outputs are combined and the result is compared with the ground-truth as well, in order to verify the usefulness of fusing the HH/HV information at this level.
Results and validation
The test site is a relatively flat region of Malawi, around its capital, Lilongwe. We have ten ALOS PALSAR FBD (Fine Beam Double Polarisation) intensity data (so, HH and HV image pairs from ten different dates) acquired from 2007 to 2010 (from April to October each year, Figure 2 ). Based on the information from field, we classify each image in eight classes. (Note that we have repeated the whole procedure for ten and for twelve classes, and there was no significant change in the final result.) An example of the classified image is shown in Figure  3 . The result of comparing the classification results for the HV data set is given in Figure 4 , and for the HH data set, it is presented in Figure 5 . Label 0 is in gray in all the images. Finally, a combination of the results of the HV and HH data sets is shown in Figure 6 . This combination is based on the idea that if the HH and HV results label differently the pixel, its neighborhood is analyzed in HH and HV results and of the two labels, the one that is more present is chosen. If HH and HV results label equally the pixel, that label is preserved in the combined result.
As a validation, we use the ground-truth information consisting of 422 points that correspond to regions that do not change in time (buildings, water …) and 330 points that belong to arable land. For HV result (Figure 4 ), 202 points that do not change in time are correctly classified (having label other than 0), while 330 points that change in time are correctly labeled as 0. In the HH case ( Figure 5 ), 91 points that belong to regions that do not change in time are well classified, and 320 points are correctly classified in case of arable land. Finally, the combination The final output of this step, i.e. the resulting PALSAR mask, used in further steps, is given in Figure 7 . It is obtained simply by changing the color of the gray pixels from Figure 6 into white (representing potential bare soil) and assigning black colour to all other classes/colours of Figure 6 (since they are out of interest, thus masked). 
Second step

One-day interferometric X-band data
The aim of this step is to define the potential cultivated area, in particular to delineate the ensemble of fields, where crops will later grow. X-band radars have the least penetration depth of the three bands used in this work, which also makes them more vulnerable to atmospheric effects. The COSMO-SkyMed (CSK) X-band SAR system is capable of acquiring data twice a day, at a high spatial resolution, which allows for very short-term analysis such as one-day correlation. Taking into account its high sensitivity and poor penetration capabilities, this system provides excellent means for analyzing short-term (lack of) changes at the very start of the crop season, when the crops are only being planted. Thus, potential cultivated area at start of season is derived from one-day interferometric CSK pair (3 m) acquired during the field preparation period.
In this respect, it is worth mentioning that this step does not have to be performed on a yearly base, if the area and the pattern of the fields remain stable: it should be exclusively updated when changes occur. 
Procedure
Potential cultivated area at start of season is derived from one-day interferometric CSK pair acquired during the field preparation period (December, Figure 2 ). Very high resolution optical data would not be useful at this stage since fields are not yet covered by vegetation, so it would be very difficult to discriminate them from the surrounding bare soil area using optical sensors. On the contrary, because of the rough nature and dry conditions of the fields, short wavelength SAR data acquired in an interferometric mode (1-day interval) provide useful information at this second step.
This step should provide information on the status of the fields at the beginning of the crop season in terms of vegetated or bare soil condition. Since the purpose of the overall cultivated area product here is to map the effective crop growth from the start to the end of the crop season, only those fields with bare soil conditions are considered. This means, in terms of interferometric X-band data, that these areas are defined by a medium to high coherence (absence of human activities) and a medium to high backscattering coefficient (rough bare soil). Taking into account that we have one one-day interferometric data set and two corresponding amplitude images, we should first combine the two amplitude images into one. Using the PCT and median cut algorithm mentioned in Subsection 3.2, we split each of the two amplitude images into three classes (L -low, M -medium and H -high amplitude). We combine them as given in Table 1 , where: L -low, M -medium, H -high, C -(significant) change, ML -medium low, MH -medium high. Note that the situations in which there is a strong change in the backscattering coefficient in such a short time most possibly refer to on-going works (therefore, they are most possibly not among the areas of interest).
Figure 8. CSK amplitude image taken on December 9, 2010
Once the combined amplitude image is obtained, we combine this information with the corresponding coherence image, split in three classes (L, M and H) using the PCT and median cut algorithm (Subsection 3.2). The combination is based on the idea that, at this period of the year that we consider, neither low coherence nor low amplitude correspond to potential cultivated area. Thus, we combine these two data sets as indicated in Table 2 , where: O -out of interest, M1 -medium 1 (one amplitude image has a low value, the other and the coherence have medium values), M2 -medium 2 (one amplitude value is low, the other is medium, coherence value is high), M3 -medium 3 (all images have medium values), M4 -medium 4 (two out of these three values are medium and one is high), H1 -high 1 (two out of these three values are high and one is medium), H2 -high 2 (all images have high values). Table  1 , where: L -black, C -blue, ML -green, M -yellow, MH -red, H -white.
In such a way, the order O-M1-M2-M3-M4-H1-H2 corresponds to the increasing probability that the pixel belongs to a cultivated area (bare soil).
Results and validation
Two CSK amplitude images of Lilongwe, taken on December 9 and 10, 2010 are used (the one of December 9 is shown in Figure 8 , as an illustration). After splitting each of the two images in three classes (L, M and H) and combining them as indicated in Table 1 , we obtain the result presented in Figure 9 . Once the coherence image is split in three classes (L, M and H) and combined with the combination of the two amplitude images following the rules of Table 2 , we get the image in Figure 10 . Figure 10 . Result of combining the combined amplitude images from Figure 9 with the coherence image according to Table 2 , where: O -black, M1 -blue, M2 -green, M3 -yellow, M4 -orange, H1 -red, H2 -white.
As far as validation is concerned, we use the same ground-truth information as described in Subsection 3. The final output of our approach is the combination of PALSAR (that performs very good for bare soil and moderately good for the rest, as shown in Subsection 3.3), CSK and ASAR. Thus, we should keep the threshold level for CSK in such a way that the classification of notcultivated areas is the best possible (thus, between M3 and M4) and pay attention during the final combination so that complementarities of the three sensors are exploited in a best possible way. Figure 11 contains the image from Figure 10 where LO, M1, M2 and M3 are labeled as black (masked) and M4, H1 and H2 as white (potentially cultivated).
Third step
Seasonal C-band data
At this step, crop growth extent is derived from multi-temporal ENVISAT Advanced Synthetic Aperture Radar (ASAR) data [22] acquired during the crop season. Optionally, Radarsat-1/2 FB can be used at this step. Optical data such as Landsat TM-5, SPOT-4/5, Ikonos, and QuickBird, can also provide information of the crop growth. But, due to the persistent cloud coverage during this period, their use is very difficult, even more if large areas, such as national coverage, are targeted.
Multi-temporal ENVISAT ASAR (15 m) are C-band data proven to be useful in monitoring agricultural activities on a regular basis, i.e. seasonal land cover changes [1] , [23] , [24] , [25] .
Generally speaking, C-band SAR data are not hindered by atmospheric effects; their penetration capability with respect to vegetation canopies is restricted to the top layers.
Procedure
The goal of the third step is to monitor the crop growth during the crop season, which explains the necessity of having multi-temporal data acquired regularly all along the crop season. In such a way, the confusion between cropped and the surrounding vegetated, non-crop, areas should be reduced, and at the same time, the crop development could be monitored. Our procedure for analyzing the ASAR data is as follows. Firstly, we perform an unsupervised classification based on multi-temporal signatures (so, grouping together the pixels having a similar multi-temporal behavior) in a preset number of classes. As a result, we have an output image where the pixels with similar signature have the same label. As this is an unsupervised classification, we are unable to determine which of these signatures is similar to the one of maize. Thus, in the following level of our analysis, we introduce our knowledge regarding the maize signature at C-band (note that, depending on the area, season and the type of the crop we want to distinguish, this step can be easily modified for other applications): at the very beginning of the season, the intensity of the signature is low, and then it grows, reaching rapidly its maximum value (which corresponds to ploughing), and then dropping to its first minimum (sowing). Then the second phase begins, i.e. from flowering to plant drying stage, where the intensity of the signature raises, reaches another maximum, possibly drops a bit and raises again, in function of the plant moisture and the surface scattering at the top of the plant. This behavior is similar to the one illustrated in Figure 12 . Since the later stages can vary from season to season, the key indicators we use to select which of the signatures from the unsupervised classification output resemble to the one of maize are the starting raise of the signature, its sudden drop followed by its next raise. Thus, we analyze the moments when the first maximum, the first minimum and the second maximum occur and label the class(es) with the corresponding tendencies as the one(s) of maize. 
Results and validation
Once a multi-temporal unsupervised classification of multi-temporal pixel signatures in twelve classes is performed, using eleven ASAR intensity images covering the period from September 2010 to March 2011, we obtain the result given in Figure 13 . After analyzing the multi-temporal signatures of each of twelve classes, we select the classes having tendencies similar to the ones of maize (Figure 12 ), and we mask the rest. The obtained result is given in Figure 14 . Note that the classification has been also performed in eight and ten classes and that there was no significant change in the final result.
The validation results are as follows: 303 (out of 330) pixels from cultivated areas are well classified, as well as 235 (out of 422) pixels from non-cultivated areas.
Final combination
Procedure
There are various methods of combining the results obtained from each of the three sensors, depending on the quality of each of the sensors, requested computation speed, application, etc. In our case, looking for a simple, fast yet reliable method, we test several voting combination rules:
• ANDc (a pixel is declared as cultivated if all sensors labeled it as such; it is masked otherwise);
• ANDm (for the masked class: a pixel is declared as masked if all sensors labeled it as such; otherwise, it is declared as potentially cultivated);
• MAJ (for class labeled as potentially cultivated: if at least two out of three sensors labeled it as potentially cultivated, the pixel is labeled at the combination output as cultivated; otherwise, it is masked), and
• OR (for class labeled as potentially cultivated: a pixel is declared as masked only if all sensors labeled it as such; otherwise, i.e., if at least one of the sensors labeled a pixel as potentially cultivated, it will keep that label at the combination output).
Note that the difference between ANDc and ANDm is that in the former case, AND voting is applied to the cultivated class while in the latter case, AND voting is applied to the masked class. This makes the two AND voting approaches complementary and it depends on the application which one is more useful than the other. Finally, the difference between MAJ and OR is that the former labels a pixel as potentially cultivated if at least two of the three sensors have given it that label and it is masked otherwise, while the latter labels a pixel as potentially cultivated if any of the three sensors labeled it as such.
Results and validation
The four voting strategies are applied to the outputs of the three sensors given in Figures 7, 11 and 14. As an illustration, Figure 15 contains the result of ANDc voting, while the result of MAJ voting is shown in Figure 16 .
We validate these results using the same validation set as in the previous steps and obtain the following results:
• ANDc voting: 225 out of 330 pixels from cultivated fields well classified; 377 out of 422 pixels belonging to non-cultivated fields well classified;
• ANDm voting: all 330 pixels belonging to cultivated fields well classified, as well as 78 out of 422 pixels from non-cultivated fields;
• MAJ voting: all 330 pixels from cultivated fields well classified, as well as 323 out of 422 pixels from non-cultivated fields;
• OR voting: all 330 pixels from cultivated fields well classified, as well as 59 out of 422 noncultivated field pixels. These validation results are in accordance with our expectations. Namely, if we keep as cultivated only those pixels where all three sensors claim that it is cultivated indeed, and label all the rest as masked (non-cultivated), we can expect to have a high detection of noncultivated fields and only modest results for cultivated fields (ANDc voting). With the inverse logic, we preserve all cultivated fields, but also label many non-cultivated as being cultivated (ANDm voting, as well as OR). Finally, with the majority voting (MAJ), it can be expected to obtain results that optimize the two extremes, and benefit from the complementarities of the sensors. The same conclusion can be derived from Table 3 , which represents the summary of the validation results, for each of the steps and each of the combination approaches tested. From the three steps, step 1 has the best correct classification of pixels belonging to cultivated fields, but 42.64% of pixels belonging to non-cultivated fields are also classified as cultivated. On the other hand, step 2 has the best correct classification of pixels from non-cultivated fields, but 15.15% of cultivated field pixels are also classified as non-cultivated. Regarding the four fusion strategies used, we can conclude that with the MAJ voting, we preserve the maximum number of correct classifications as the one of PALSAR in step 1, while we increase the correct classification of non-cultivated fields as well, thanks to the output of CSK and ASAR. Although the priority is not to miss cultivated fields, an improvement in correct classification of noncultivated fields is also an important issue since it leads to a better estimation of the extent of the problem. Note that the validation is performed on the pixel level. If done on the region level, the validation results would certainly have been even better since a region would have been declared as correctly classified if majority of its pixels (and not all of them, as here) were correctly classified.
The achieved accuracy confirms the validity of the methodology, in particular that: 1) the use of very high resolution data is an indispensable condition for the identification of small agricultural plots; 2) the differentiation between cultivated areas (i.e. growing vegetation during the crop season) and other land cover classes is first and foremost possible if multitemporal data are used; 3) the combination of various SAR sensors (bands) improves the final results.
Conclusion
Agriculture is the land cover type showing the largest spatial and temporal dynamics during a relatively short period. Therefore, pre-requisite for the generation of an accurate cultivated area product is to combine very high resolution data with multi-temporal high resolution data acquired throughout the whole crop season. This approach has been tested through a threestep procedure for estimation of cultivated area in small plot agriculture in Malawi and the obtained results have proven its validity.
The first step of this procedure is the estimation of crop extent prior to the crop season using multi-temporal L-band PALSAR data. The estimation of the potential area at start of the crop season using X-band COSMO-SkyMed is the second step, while the third step consists in determining the crop growth extent during the rain-fed crop season, with the help of multitemporal C-band ASAR data. The final result is crucial when dealing with food security and agriculture in developing countries, where available land-cover map is either inaccurate, out of date or it does not even exist. Once derived, this global information, which should give a basis for deciding where to perform more detailed analysis, should be relevant for a longer period of time in normal situations, so it should not need to be updated annually.
At each step, the obtained results are validated using ground-truth information.
Four voting combination strategies are tested in the final combination of the three sensors, based on "majority", "or" and "and" logic (two versions of it -one prioritizing cultivated, and the other non-cultivated fields). For our application, the majority voting gives the most interesting results of the four, while for some other applications (such as mined area reduction, for example), one of the other strategies might be useful.
As demonstrated here, the spatial resolution of existing space-borne remote sensing systems and the wise integration of different remote sensing sources enable the achievement of a high level of detail and accuracy, as long as the data are understood, processed and used in the right way. The proposed solution is attractive, less time consuming and less expensive compared to area regression estimators exclusively based on field survey. Furthermore, the remote sensing solution intrinsically provides a monitoring component (as agricultural area can vary during a season): this is often (or fully) not taken into account in the area regression estimator approach, simply because it is too time consuming to frequently repeat the field survey.
In our future work, other combination approaches will be tested, in order to optimize the exploitation of the complementarities of the three SAR sensors.
